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Lunik, Elizabeth A. M.S., Purdue University, May 2015. International Comparison of 
Cost Efficiency of Corn and Soybean Production. Major Professor: Michael Langemeier. 
Comparing detailed production costs and input use across countries allows 
producers to see if they are competitive with similar operations in other countries.  This 
thesis looks at the cost efficiency of a sample of corn and soybean farms representing 16 
countries to understand efficiency and cost trends at the farm-level, compare these farms, 
and identify factors that might explain farm-level performance.  This analysis delves into 
detailed production data to calculate an important international benchmark, which is 
currently not available.   
The data consist of a six-year (2008-2013) unbalanced panel of 35 corn-producing 
farms and 16 soybean-producing farms, which come from a dataset managed by the Agri-
Benchmark Network at the Thünen Institute (TI) of Farm Economics.  Data Envelopment 
Analysis (DEA) techniques are used to construct a non-parametric efficiency frontier and 
compute technical (TE), allocative (AE), and cost efficiency (CE) scores under variable 
returns to scale for each farm and each year.  I consider two models: a single output/ 
multi-input model for corn and soybean production separately, as well as a two-output/ 




first, implicit output, which is calculated as gross revenue divided by farm-gate price 
(tons per hectare), and second, total output produced (tons).  Inputs for the farms are 
aggregated into seven categories, including seed; fertilizers; crop protection; labor; land; 
fixed capital (includes machinery, building and their related depreciation, repairs, and 
maintenance, and finance costs); and other direct inputs (includes drying energy costs, 
irrigation, crop insurance, and finance costs on direct inputs).  All inputs are considered 
to be variable. 
Efficiency scores as well as input cost shares are analyzed. A panel-data Tobit 
regression model is applied to the farms’ efficiency scores to determine causality of input 
cost shares and selected farm characteristics on technical and cost efficiency scores.  
Similar to previous research, a wide range of efficiency scores were found.  Efficiency 
scores are between 0 and 1.0, where 0 signifies completely inefficient and 1.0 is efficient.  
The full unbalanced panel of 139 corn farms, had average technical, allocative, and cost 
efficiency scores of 0.951, 0.783, and 0.749, respectively, over the 2008-2013 period.  
The full unbalanced panel of 78 soybean farms had average technical, and cost efficiency 
score of 0.936, 0.787, and 0.752, respectively, over the 2008-2013 period.  Using Tobit 
regression analysis, certain farm characteristics were found to be significantly related to 
efficiency.  Crop protection cost was strongly negatively related to technical efficiency 
for corn production.  Among farm characteristics, total farm size had a strong and 
positive relationship to TE on corn farms, while crop intensity was positively related to 
TE on soybean farms.  Rain also had a positive relationship to CE on soybean farms.    
 
Keywords: Production economics; Frontier functions; Technical efficiency; Cost 




CHAPTER 1. INTRODUCTION 
1.1 Importance of Agricultural Productivity 
Historically, the world’s growing demand for food has been met by increasing 
agricultural productivity.  Increasing productivity is necessary in order to produce more 
food at a lower cost, and free up labor and resources for other economic sectors 
(Trueblood & Coggins, 2003).  In general, productivity leads to higher quality goods in a 
more efficient manner, which results in welfare gains for the consumer in the form of 
lower prices.  In most lower-income countries where a relatively large share of the labor 
force live in rural areas and earns their livelihoods from agriculture, improving 
agricultural productivity can be a tool for fighting poverty, malnutrition, and food 
insecurity.  Agricultural productivity gains can lead to higher incomes over time (Ahearn 
et al., 2002).  In the developing world, agriculture accounts for a significant part of the 
national income, with approximately 25 percent of value added coming from this sector 
(Gollin et al., 2013).  The important link between agricultural productivity and economic 
growth in developing countries has been studied for many years (Kuznets, 1966; 




1.1.1 Productivity as a Component of Growth 
Agricultural output growth can be partitioned into two main sources: cropland 
expansion and crop yield increases.  In the last 50 years, global agricultural output growth 
has increased similarly to total global economic growth, averaging 2.7 percent in the 
1960s and between 2.1 and 2.5 percent every decade since (Fuglie et al., 2012).  This is 
due more to yield increases than cropland expansion.  While some regions of the world 
still have excess land to be developed for agriculture, most of it is located in marginal and 
less-productive regions.  Yield can also be decomposed into two elements: (1) 
intensification of non-land inputs such as capital, labor, water and fertilizer, (2) and total 
factor productivity (TFP), which is driven by technical change or improved efficiency in 
the use of inputs.1  Over time, improvements in TFP have become more significant than 
input intensification.  Annual growth in TFP rose from 0.2 percent in the 1960s to about 
1.7 percent in the 1990s, while growth in input use per unit of land fell at similar rates.  
While there are other factors that affect agricultural output, including investments in 
agricultural R&D, extension, education, infrastructure, and government programs, these 
are not included in typical efficiency analyses (or explained further in this study).
                                                 
1 TFP is an imperfect measure of innovation though because it is also influenced by many factors not 
directly related to technology, yet the effects of these factors will be picked up by productivity estimates.  
These factors include economies of scale, economic cycles, capacity utilization, accumulation of human 
capital, trade liberalization, changes in the technical efficiency within firms, efficiency gains resulting from 
resource allocation between firms and industries, and measurement errors (Fuglie et al., p 79).  It also picks 
up changes over time in key environmental conditions affecting yields, such as local growing conditions 
(length of growing season and precipitation), soil quality, and the availability of water for irrigation (Sands 




1.1.2 Total Factor Productivity 
Total factor productivity (TFP) is one of the most common measurements of 
productivity.  It is the ratio of total outputs to total inputs used in the production process, 
and only includes those outputs and inputs that are under the control of the farmer and 
that have market values (Ahearn et al., 2002).  Thus it excludes non-market inputs and 
outputs, such as changes in environmental services resulting from agricultural activities.  
TFP can be increased in several ways without increasing scale, such as increasing output 
from the same level of inputs, producing the same level of output with a lower level of 
inputs, or changing the mix of inputs or outputs (Tozer & Villano, 2013).  In theory, TFP 
is a physical measure of the quantities of outputs and inputs, independent of changes in 
their respective prices.  In reality though, the measures of total inputs and outputs are 
indirectly affected by changes in relative prices, which are used as weights to aggregate 
different components (Fuglie et al., 2012, p.77).  As quantities are indirectly affected by 
prices, TFP estimates can fluctuate in the short-run due to impacts of external factors, like 
climate change, economic conditions, and statistical noise from measurement error.  Most 
of the time, output is more vulnerable to short-term effects, as agricultural inputs are 
relatively stable in the short run.  Thus, TFP analyses with long-term data are more 
reliable.   
 
1.1.3 Importance of Agricultural Productivity to Competitiveness 
In the last decade, there has been increasing concern about the competitiveness of 
U.S. agriculture.  Although agriculture’s share of national GDP is only around 1 percent, 




and services in 2013 (U.S. Census BEA).  Previous research has shown that productivity 
increases are important for producers within an economy to remain competitive, both 
with producers within the economy and those from competing economies. 
Competitiveness is a relative measure that can be understood according to two 
disciplines:  (1) a neoclassical trade approach which is measured with the real exchange 
rate, comparative advantage indices, and export or import indices; and (2) the strategic 
management approach which is measured with cost indicators, productivity and 
efficiency.  From a trade perspective, increasing TFP is especially important when 
countries’ producers face declining terms of trade (O’Donnell, 2010).  Terms of trade for 
an individual producer is the ratio of an index of prices received by them for goods 
produced to an index of prices paid by them for inputs.  Furthermore trade theory 
postulates that a country’s competitiveness is based on comparative advantage, and trade 
flows are the result of differences in the production costs among countries.  Therefore, a 
country will specialize in the production of a product in which it has relatively lower 
production costs (LaTruffe, 2010, p. 7).  The second approach, strategic management 
includes trade-related cost measurements and cost of production analyses (Porter, 1990). 
Farm-level competitiveness can be determined using cost of production data.  
There are many factors that affect the firm’s relative cost of production, some of them are 
controllable by the firm and some are not. Farmers, for example, who have energy-related 
input expenses like fuel and fertilizers, are compelled to use management practices that 
are input efficient and result in least cost.  An international comparison of production 
costs and production systems is of interest to farmers, agricultural business associations, 




many years in other industries, and is becoming more popular in farm production and 
management.  It identifies the most productive producers whose operating practices and 
input/output mixes can be used as benchmarks for other producers.  Firms can objectively 
measure how they compare in output and cost efficiency to other similar farms in a 
certain year and over time.  
 
1.2 Objectives and Hypotheses 
This thesis examines the cost efficiency for a six-year period (2008-2013) of corn and 
soybean production using a sample of typical farms from across the world.  Specific 
objectives include:  
 Use input-oriented DEA methods to calculate standard measures of efficiency, i.e. 
technical, allocative, and cost efficiency for a small sample of 35 corn and 
soybean farms, representing 16 countries, for the 2008-2013 period.   
 Compare farms’ efficiency scores (or indices, used interchangeably within this 
thesis) across farms and years and identify the most efficient farms.   
 Calculate input cost shares and find their relationship with efficiency scores.   
 Use a panel-data Tobit regression model to determine if certain farm 
characteristics are related to efficiency.  
 Although direct hypothesis testing is difficult because a purely parametric approach 




             i.)  There is a significant difference in the level of technical, allocative, and 
cost efficiency between farms from developing and developed countries.  
ii.) Certain management and farm characteristics, such as crop intensity, share 
of hired labor, share of rented land, rainfall, and farm size affect cost 
efficiency and will prove to be important determinants of efficiency.  
iii.) Larger farm size will be positively related to cost efficiency.  
 
1.3 Thesis Organization 
The rest of this thesis is organized as follows.  Chapter 2 presents a brief literature 
review on measures and types of efficiency, as well as the previous work on causes of 
inefficiencies in agricultural production.  Chapter 3 explains the methodology.  Chapter 4 
presents the data.  Chapter 5 presents the results which include DEA efficiency estimates, 
panel Tobit regression results, and a discussion of the farm characteristics impacting 




CHAPTER 2. LITERATURE REVIEW 
2.1 Measures of Efficiency and Productivity 
How productive efficiency is measured has important implications for both 
economic theory and economic policy.  Subsequently, possible sources of efficiency or 
differences in productivity can be determined from these efficiency measurements 
(Farrell, 1957; Lovell, 1993).  Furthermore, such measurement enables a quantification of 
the potential changes in inputs and outputs that might result in an increase in efficiency 
(Farrell, 1957).  Many productivity studies begin with Farrell’s work on frontier 
estimation, which has similarities to production, profit, or cost functions.  Approaches 
used to study efficiency are generally organized into two different measurement 
approaches: conventional or frontier.  Both of these approaches can be further classified 
into parametric and non-parametric methods.  A brief explanation of these four 
approaches follows.   
Conventional parametric approaches include ordinary least squares regression 
(OLS) techniques.  In regression approaches, the production technology is specified in 
the regression equation, and total factor productivity is estimated from the residuals of the 
regression equations.  Studies using a parametric approach assume a certain functional 
form and production technology, such as a Cobb-Douglas production function.  Cobb-




production elasticities (and input shares) across all units, Hicks-neutral technical 
change, and a single aggregated crop and livestock output (Coelli et al., 2005).  
Conventional non-parametric approaches include growth accounting and TFP indexes, 
such as the Malmquist, Tornqvist, and the Fisher indices (Caves et al., 1982; Diewert, 
1992).  Most official government statistical agencies prefer conventional, non-parametric 
index methods to estimate TFP (e.g. U.S. Bureau of Labor Statistics; OECD).   
Parametric frontier methods entail stochastic frontier analysis, or SFA (see 
Jondrow et al., 1982).  Non-parametric frontier methods include data envelopment 
analysis (DEA), which is used in this study.  DEA is a common, linear programming 
technique that was developed and introduced by Charnes, Cooper and Rhodes (1978).  
DEA builds a linear piece-wise frontier by solving a sequence of linear programming 
problems, one for each firm, in the sample.  It doesn’t use explicit input and output price 
information, instead it uses implicit shadow prices derived from the shape of the 
estimated production surface.  In general, the DEA technique determines firm efficiency 
as the ratio of the sum of its weighted outputs to the sum of its weighted inputs 
(Thanassoulis et al., 2008). The weights assigned to outputs and inputs are different for 
each firm, and are calculated by a linear optimization process.  
There are advantages and disadvantages to both non-parametric frontier 
approaches and stochastic parametric approaches.  The former lacks statistical inference 
of the efficiency index estimates, and is unable to estimate standard errors or do 
hypothesis testing like in the latter approach.  On the other hand, non-parametric methods 
do not require a specific functional form of the production function (Färe et al., 1985; 




and inputs.2  In general, (deterministic) non-parametric models assume that any deviation 
from the frontier is due to inefficiency, while (stochastic) parametric models allow for 
statistical noise, measurement error, and exogenous sources of variation in the dependent 
variable (Färe et al., 1985; Lovell, 1993; Ray, 2004).  This thesis uses a two-step 
approach that first uses a non-parametric approach to estimate relative efficiency scores 
and then uses regression analysis to analyze the scores according to farm characteristics.   
 
2.2 Types of Efficiency 
The economic literature on productive efficiency typically distinguishes three 
types of efficiency: technical, allocative, and cost efficiency.  Technical efficiency refers 
to the ability of a firm to produce the maximum output for a given set of inputs and 
production technology.  Thus a technically efficient firm is able to produce at the highest 
production frontier level.  Allocative efficiency refers to the ability of a firm to choose 
the optimal combination of inputs given input prices (or cost-minimizing input ratios) and 
production technology to produce a given level of output.  A firm that is both technically 
and allocatively efficient is said to be cost efficient.  Cost efficiency is the product of 
technical efficiency and allocative efficiency.  Thus, a cost efficient firm is producing on 
the cost frontier at the lowest cost for a specific level of output (Coelli et al., 2005).  
Technical and cost efficiencies are relative measures, not absolute, that compare 
each firm relative to an efficiency frontier or benchmark.  This assumes that the 
                                                 
2 The general rule to determine the number of firms, n, to be compared, is that the number of firms should 
be at least three times the sum of the total number of inputs and outputs (xi + yi).  If the number of firms is 
smaller than this a large number of firms will be identified as efficient, due to an inadequate number of 





production possibility set is bounded by this frontier.  Efficiency indices or scores range 
from 0 to 1 where an index of 1 indicates that a firm is efficient and on the efficiency 
frontier.  Firms operating beneath the frontier have an efficiency score less than 1; and no 
firm can be located above the efficiency frontier because they cannot have a score greater 
than 1.  Thus efficiency analysis compares inefficient firms to efficient “peer” or 
benchmark firms on the frontier (Huguenin, 2013). Although the firms on the efficient 
frontier are assigned a score of 1, they still may be able to improve their productivity. 
 
2.3 Studies on Causes of Inefficiencies in Agricultural Production 
Over the last two decades, there have been many studies using various approaches 
to explore the relationship between certain farm characteristics and efficiency.  This 
study intends to contribute to the cross-country, panel-data farm efficiency literature by 
providing annual efficiency scores from farms representing sixteen countries, and 
identifying significant farm-level factors impacting efficiency.  In general, efficiency 
appears to be correlated with such farm-specific attributes such as farm size, farm 
manager’s education, land titling, access to credit, off-farm employment opportunities, 
land quality, agro-ecological zones, and extension services.  Langemeier and Bradford 
(2005) found that years of farm manager’s experience, farm size, percent of time devoted 
to farming, and percent of acres owned were significantly related to cost efficiency.  On 
crop and livestock farms in Poland, Latruffe et al. (2004) found that farm size, farmer’s 
education, soil quality, farm market integration, and access to rent land and labor were 




ecological zones and farm size were significantly different among paddy farmers when 
estimating mean technical efficiency in southern India.  Fletschner and Zepada (2002) 
found that employment opportunities, land titling, and access to credit, markets, and 
extension services were significant determinants of allocative efficiency of small-scale 
farmers in Paraguay.   
There has been a long empirical debate on whether there exists an inverse 
relationship between farm size and productivity (Schultz, 1964; Cornia, 1985).  Hall and 
LeVeen (1978) noted large farms may have economies of scale and preferential access to 
output and input markets.  Carter (1984) tested this relationship in India, and found 
differences that could not be explained by factors correlated with farm size.  He showed 
that small farms were technically inefficient and over-allocated labor beyond the optimal 
level defined by profit maximization at market prices.  Meanwhile, Hoque (1998) found 
that small farms were more efficient than large farms in allocating labor but that larger 
farms were more efficient in biological and chemical inputs. The main argument given is 
that small farms do not face labor supervision and organizational problems, and that 
family labor (a greater fraction of total labor on small farms) are more productive because 
they directly benefit from farm profits (Buckwell and Davidova, 1993).  On the other 
hand, Shively and Zelek (2003), using panel data on rice farms in the Philippines, found 
that small farms over-utilized labor and under-utilized fertilizers and pesticides. Other 
research, such as Adesina and Djato (1996), have found small and large farms in Côte 
d’Ivoire to be equally efficient, and that access to credit and use of modern varieties were 
correlated with profit. Finally, Rios and Shively (2005), when studying smallholder 




that investment in irrigation infrastructure was related to efficiency.3   
Thiam et al. (2001) provides a meta-analysis of empirical estimates of technical 
efficiency in the literature, and the specific characteristics of the data or model used (e.g. 
measurement of farm output used, stochastic or other methodology, number of 
observations, number of variable or fixed inputs, single-crop or whole farm) that may 
account for differences in the efficiency estimates across various developing countries.  
While the authors only highlight two non-parametric studies, their work is a good 
overview of the various methodological approaches available to measure efficiency.   
                                                 
3 I use the same two-step procedure as these authors; the first step calculated efficiency scores with a DEA 
approach, and the second step used panel-data Tobit regression analysis to find farm characteristics 





CHAPTER 3.  METHODOLOGY 
3.1 Model Overview 
This study uses a two-stage approach to estimate efficiency and understand its 
causes across and within farms.  Section 3.2 consists of a description of the variable 
returns to scale, input-oriented DEA models used and their assumptions.  Section 3.3 
presents a description of the input cost shares.  Finally, Section 3.4 describes the panel-
data Tobit regression models that are used to assess the influence of selected farm 
characteristics on calculated farm efficiency scores.  
 
3.2 Basic DEA Model 
DEA, a non-parametric linear programming approach first introduced by Charnes, 
Cooper and Rhodes (1978), was used to estimate cost efficiency frontiers.  The DEA 
models were run using the Generalized Algebraic Modeling System (GAMS) software 
(Brooke et al., 1998), as well as the DEAP 2.1/ Win4DEAP software package (Coelli, 
1996; Deslierres, 2002; Coelli et al., 2005).  The models use input and output price and 
quantity data from each farm to construct a frontier such that all observed farms in that 




efficiency index values of one, form the efficiency frontier.  For each inefficient firm, 
DEA identifies the closest efficient firm on the frontier, and the latter are called “peers” 
or benchmarks.   
DEA models should be specified to reflect the nature of the production system 
under study.  In this study, an assumption of variable returns to scale (VRTS) is used.  
This is appropriate when there may be imperfect competition, government regulations, 
constraints on finance, or if firms are not operating at optimal scale.  Previous literature 
(Afriat, 1972; Färe et al., 1985; and Banker et al., 1984) suggest using variable returns to 
scale to avoid confounding scale efficiencies.  Alternatively, constant returns to scale 
(CRTS) can be used when all firms are operating at an optimal scale and in a perfectly 
competitive environment.  CRTS is interpreted such that a 1 percent increase in each 
input leads to a proportionate 1 percent increase in output.  These are difficult 
assumptions to make especially given the international scope of this study.   
The DEA model can either be input- or output-oriented, also sometimes referred 
to as an output maximization or input minimization problem.  The orientation used 
should be based on which variables (inputs or outputs) the decision maker has most 
control over.  An input-oriented model indicates how much a firm can minimize its inputs 
(costs) for a given level of output and input prices.  An output-oriented model indicates 
how much a firm can maximize its output(s) for a given level of inputs and prices 
(Huguenin, 2013).  One caveat is that while a CRTS model will calculate the same 
efficiency scores for both input and output-oriented methods, a VRTS model may find 
slightly different efficiency scores of the inefficient firms with the two methods (Coelli, 




is available.  Mathematically, an input-oriented DEA is preferred over an output-oriented 
because the problem can be solved with fewer constraints (see Coelli et al., 2005).  
Common properties of non-parametric functions are assumed, including free 
disposability of inputs and outputs, convexity of input requirements and production 
possibilities, and no errors in the data.  There are several empirical issues encountered 
related to piecewise linear frontier, which do not occur with other frontier estimation 
methods.  In particular, the linear program measures technical efficiency as the 
proportional distance to the closest efficient firm on the frontier.  This horizontal or 
vertical distance is referred to as input or output slack in the literature.  This study will 
not look at slacks, instead slacks are assumed to be included in the allocative efficiency 
score as proposed by Ferrier and Lovell (1990).  
All DEA models use the same basic calculations to find the TE, AE, and CE 
scores.  The following is the formulation of the linear programming problem in the DEA 
analysis.  First, technical efficiency for each firm (λi) under variable returns to scale is 
estimated using the following linear program:  
  =  Min  
subject to    
          n = 1, 2, 3 … N inputs, 
    k = 1, 2, 3 … K outputs, and 
  = 1 





 xi  is a N x 1 vector of input quantities for each of the i = 1, 2, 3…, I farms for n = 1, 2, 
3…N inputs   
yi is a K x 1 output vector for k = 1, 2, 3… K outputs for each of the i = 1, 2, 3… I farms 
 is vector of weights for each farm 
The variable zi represents the weight of each farm in forming the frontier, and all 
of the firm’s inputs and outputs are multiplied by this weight.  Most important in the 
variable returns to scale case is that the weights, also called the input intensity vector, 
which relates to the weighting of each farm in the formation of the cost frontier, is 
restricted to sum to 1, not just   0.  This is different from the constant returns to scale 
assumption.  This ensures that an inefficient firm is only “benchmarked” against firms of 
a similar size, and its projected point on the DEA frontier is a convex combination of 
observed firms.  The output constraint above states that the cost-minimizing output level 
cannot be more than actual observed output.  Given this study’s input orientation, 
efficiency estimates provide information as to how a farm can reduce and reallocate their 
resources to produce the same level of output.  
Cost efficiency measures the extent to which cost, under variable returns to scale 
technology, can be reduced given input prices.  The cost minimization problem for the ith 
firm to produce output y finds the optimal quantity of input * given its corresponding 
input price .  The cost minimization function Ci for producing output y under variable 




   =     * 
  
*        n = 1, 2, 3…N inputs, 
           k = 1, 2, 3… K outputs 
     
   
A cost efficiency index (ρ) is calculated by dividing minimum cost under variable 
returns to scale, ,  by the actual cost.  It represents how much costs can be 
reduced and still maintain the same level of output. 
CE =    n  
* / n   
Allocative efficiency for each firm (αi), is found by dividing the minimum cost 
under variable returns to scale found above by the actual cost adjusted for technical 
efficiency (λi), or by dividing the cost efficiency index by the technical efficiency index: 
AE = αi = n  
* / n      or     CE/ TE  
TE, AE, and CE indices are calculated for six different DEA models, which differ 
according to whether it’s a one- or two-output model with corn, soybeans, or both 
(denoted as C, S, or CS), and which output variable is used.  The models are summarized 
in Table 1.  Each DEA model is estimated by individual years (2008-2013), and by 
several averaged periods (2008-2013, 2010-2013, and 2011-2013 periods).  Two 
measurements of output are tested.  The first output measurement is called implicit 
output, which is calculated as gross revenue divided by farm-gate price, and measured as 




and measured in tons (denoted with the ` prime symbol, as 1`).  Due to trade and price 
distortions across countries, it’s important to use actual output and not only revenue or 
other price-based data.  In essence, this measures the effect of farm size on efficiency or 
farm competitiveness, as total output produced is one of the most common indicators of 
size in agriculture (Latruffe et al., 2004).  
Table 1.    DEA Models 
DEA Models : Output Variable : 
Single-Output :  
   C1, S1 Implicit Output (tons per hectare) 
   C1`, S1` Total Output Produced (tons) 
Two-Output:  
   CS1 Implicit Output (tons per hectare) 




3.3 Input Cost Shares Analysis 
Using cost data on agricultural inputs, input cost shares for the seven input 
categories are found.  A summary of per hectare input costs for corn and soybean 
production for all farms is found in Table 2 and Table 3 below.  Within the sample there 
is considerable variance, and the standard deviation is considerably larger than the mean 
value for all inputs. Corn and soybean production costs are highly variable from farm to 
farm, depending on soil fertility level, availability of livestock manure, and the efficiency 
of the farm operator.  Costs also vary across this sample due to local trade policy 





           Agricultural input costs have also changed over the 2008-2013 period.  Figure 1 
shows that fixed capital, labor, and fertilizer costs peaked in 2011 for corn production, 
perhaps as farmers made capital purchases after crop prices started increasing in 2010.  In 
general, land costs increased during this period, but land costs for soybean production 
increased 54 percent between 2009 and 2013 (see Figure 2). 
Changes in input cost shares reveal useful information about the sources and 
direction of technical change (the use of cost data for frontier analysis and estimation of 
cost efficiency is explained further in Ferrier and Lovell, 1990).  The average input cost 
shares per farm for corn and soybean production are seen in Figures 3 and 4 (averaged 
data depends on years of data available).  The keys for country abbreviations (e.g. AR 
signifies Argentina), farm names, and years of data are found in Tables 4 and 5.   
The mean cost shares for corn, beginning with the largest are: fixed capital 
(27.8%), fertilizer (19.9%), land (18.3%), seed (11.9%), labor (11.2%), crop protection 
(5.6%), and other direct services (5.3%).  The mean cost shares for soybeans, beginning 
with the largest are:  land (31.2%), fixed capital (29.3%), seed (10.6%), crop protection 
(9.2%), labor (8.3%), fertilizer (7.7%), and other direct services (3.0%).  Soybeans 
generally require less fertilizer (nitrogen in particular), labor, and seed than corn.  For a 
more meaningful inference and to determine causality, the cost efficiency indices are 
regressed on the input cost shares.  In the regression results, a positive coefficient 
estimate means the input is under-utilized, while a negative coefficient estimate means 




3.4 Panel Data Tobit Analysis 
Panel-data Tobit regression analysis is performed on the unbalanced panels of 34 
corn-producing farms totaling 138 observations and 16 soybean-producing farms totaling 
74 observations over the 2008-2013 period.  Farms with less than two years are removed 
for the regression analysis in order to perform tests for panel data analysis (four soybean- 
producing farms and one corn-producing farm were removed).  This study chooses to use 
panel-data analysis instead of pooled, taking advantage of having multiple observations 
of the same farms over several periods.  
Since the dependent variable, the efficiency scores, are bounded between zero and 
one, a Tobit model using Maximum Likelihood Estimation (MLE) is used (e.g. Chavas 
and Aliber, 1993; Lissitsa and Odening, 2005; Davidova and Latruffe, 2007).4  Since the 
dependent variables, the cost efficiency scores, are censored between zero and one, there 
is no longer a linear relationship, and OLS estimators are biased and inconsistent.  
Furthermore, the OLS model will produce some negative estimators of the dependent 
variable, which is not possible given the nature of efficiency indices.  The Tobit model 
could be seen as a combination of a linear regression model and a probabilistic regression 
(i.e. Probit model).  A maximum likelihood function combines a probability density 
function and a conditional density function to account for observed and non-observed 
values of the dependent variable.  See Greene (2003) and Baltagi (2008) for 
specifications of the log-likelihood function for the estimator, the computation of 
estimated errors, and the method of maximizing the likelihood function.
                                                 
4 While the dependent variable is bounded from above (right-censored) at 1 and below (left-censored) at 0, 








Table 3.     Average Input Costs per Hectare for all Soybean Farms, 2008-2013  
Input    Units Mean SD Min Median Max 
Seed costs USD per ha 
             
152.45  
             
62.91  
                 
43.09  
            
141.44  
                  
328.28  
Fertilizer costs USD per ha 
             
371.59  
       
1,204.18  
                 
91.06  
            
239.90  
            
14,290.90  
Crop protection 
costs  USD per ha 
                
70.20  
             
35.00  
                 
14.24  
              
63.58  
                  
219.30  
Labor costs USD per ha 
             
205.97  
           
264.22  
                    
8.41  
            
107.70  
              
1,334.84  
Land costs USD per ha 
             
288.29  
           
271.74  
                 
13.81  
            
203.01  
              
1,161.15  
Fixed capital 
costs USD per ha 
          
1,583.61  
       
1,525.15  
               
526.39  
        
1,154.10  
            
16,647.79  
Other direct 
services costs USD per ha 
                
87.43  
           
121.49  
                    
0.66  
              
37.58  
                  
634.87  
Input    Units Mean SD Min Median Max 
Seed costs USD per ha 
       
87.09       39.12  
      
33.38  
      
74.50  
          
207.56  
Fertilizer costs USD per ha 
       
75.44       77.58  
        
6.12  
      
30.75  
          
262.19  
Crop protection 
costs  USD per ha 
       
73.55       36.23  
      
10.27  
      
58.77  
          
177.19  
Labor costs USD per ha 
       
88.96     117.84  
        
2.58  
      
56.78  
          
636.59  
Land costs USD per ha 
     
300.69     263.99  
      
26.79  
    
205.64  
      
1,040.23  
Fixed capital 
costs USD per ha 
     
248.82     149.74  
   
102.21  
    
207.01  
          
792.92  
Other direct 
services costs USD per ha 
       
26.40       29.64  
        
0.34  
      
11.87  





Figure 1.     Average Input Costs (USD) for Corn Farms, 2008-2013 
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Figure 3.     Average Input Cost Shares for all Corn Farms, (n = 35 farms) 
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Baltagi (2008) explained that panel Tobit models can include fixed or random 
effects.  A fixed effects model looks at individual, farm-specific effects as fixed 
parameters, which is similar to creating a dummy variable for each farm to control for 
their fixed time-invariant effect in the model.  Random effects panel data models assume 
that the unobserved individual effect is random across farms (units), and that there is no 
correlation between the individual’s specific effects and independent variables.  After 
performing a Hausman test, the random effects model was chosen to be more efficient 
than the fixed effects model, but this assumes that the random effects model specifies all 
individual characteristics that may influence the dependent variable.  In the case that 
important variables are left out of the regression, omitted variable bias may be a problem.  
This problem is not discussed in this study though.    
The random-effect Tobit model5, which is especially designed to deal with panel 
data and the possible collinearity between cross-sections, was chosen to capture firms’ 
individual-specific effects which are not in the model, and often difficult to obtain data 
on, such as soil quality, temperature, etc.  The model is described as: 
 * =  if    *    
    farms    
Where  * is a vector of the farm cost efficiency scores, either technical, allocative, or 
cost efficiency   for the  farms in time period t;  
is a vector of farm specific explanatory factors; and  are parameters to be 
estimated
                                                 




          There are two error or effect components.  The first component is the unobserved 
time-constant farm-specific effect, , which is assumed to be independently and 
identically distributed with a mean of 0 and variance , or noted as   are iid 
~   The second component is  the unobserved time-varying disturbance of the 
model, , which are also assumed to be iid  and independent of .  The 
subscript t indexes the time period t = 1…6 years from 2008 to 2013.  A total of 12 panel 
data regression models are ran, where the three models described below are ran for both 
the corn and soybean panels and using both the cost efficiency and technical efficiency 
indices that were found in the first step as the dependent variable. 
 
CEit, TEit =  +  
  
   
CEit, TEit =  +  
 
SHARE OF HIRED LABOR     
    
CEit, TEit =  +  
SHARE OF 
HIRED LABOR     
  
  Several other concerns arise with time series and panel data, including 
autocorrelation (or serial correlation) and heteroskedasticity.  Autocorrelation, where 
there is correlation between the error terms from the same time series, is a problem with 
time series.  It causes the Gauss-Markov assumptions to be violated, which means the 
OLS standard errors, t, and F statistics are incorrect and the OLS estimates are no longer 
efficient.6  In particular for this study, the dependent variables derived from the first-stage 
DEA efficiency estimation, are serial correlated because they are a relative calculation 
such that when one firm’s efficiency score changes, others may also change. 
                                                 
6 Autocorrelation may inflate the t-stats by underestimating standard errors of coefficients, and thus will 




Heteroskedasticity refers to the unobserved relationship between the mean of the 
dependent variable and the variance of model errors.   
The two-stage approach combining non-parametric efficiency scores as the 
dependent variable and second-stage regression analyses has been criticized in the 
literature.  Simar and Wilson (2008) alternatively present single and double bootstrap 
approaches to improve inference and robustness of second-stage regression estimates.  
While there are other approaches being designed to address some of these issues, this 





CHAPTER 4. DATA 
4.1 Data Sources and Surveying Procedures 
The data comes from the Agri-Benchmark Network, a global research network led 
by the Thünen Institute of Farm Economics (TI) in Braunschweig, Germany, that collects 
data on beef, cash crops, dairy, pigs and poultry, horticulture, and organic products from 
32 countries.  The Agri-Benchmark concept of typical farms was developed to 
understand and compare current farm production systems and farmers’ decision-making.  
Participant countries follow a standard procedure to create typical farms that are 
representative of the prominent agricultural regions in that country, and categorized by 
production system or combination of enterprises (e.g. cash crop or dairy) and structural 
features (e.g. ownership and labor).  See Appendix A for more information on typical 
farms in the Agri-Benchmark Network.  Their method of deriving data for a farm is 
consistent across countries, and more accurate than national agricultural surveys, 
especially in the cases of developing countries.  The current study looks at 2008-2013 
production data from a small sample of corn and soybean farms representing 16 countries 
(Argentina, Bulgaria, Brazil, Canada, China, Czech Republic, France, Hungary, Italy, 
Poland, Russia, Ukraine, United States, Uruguay, South Africa, and Vietnam).  
Abbreviations of countries included in this study are listed in Table 4 and years of data by 







78 observations of soybean-producing farms, and 70 observations of farms that produce 
both.  See Appendix B for a world map of all farms in this study.  Typical farms used in 
Agri-Benchmark are defined using country initials, hectares in the farm, and location in 
the country.  For example, the US1215INC farm is a U.S. farm with 1215 hectares 
located in central Indiana.  The other U.S. farms are defined as follows: US1215INS is a 
farm with 1215 hectares located in southern Indiana, US2025KS is a farm with 2025 
hectares located in northwestern Kansas, US700IA is a farm with 700 hectares located in 
Iowa, and US900ND is a farm with 900 hectares located in eastern North Dakota. 
The basic data used to estimate the efficiency indices are input and output 
quantities and implicit prices for each farm and year.  If quantities and costs are available, 
 
 





Canada CA  
China CN  
Czech Republic CZ  
France FR 
Hungary HU 
Italy IT  
Poland PL 
Russia RU 
South Africa ZA 
Ukraine UA 
United States US 
Uruguay  UY 




Table 5.     Summary Of Farms And Years Of Data 
Country Farm name Corn Soybeans 
AR AR330ZN 2008-2013 2008-2013 
AR AR700SBA 2008-2013 2008-2013 
AR AR900WBA 2008-2013 2008-2013 
BG BG5500PLE 2012-2013   
BR BR1300MT 2008-2013 2008-2013 
BR BR195PR 2008-2013 2008-2013 
CA CA2000RRV   2012 
CN CN1HLJ 2012-2013   
CN CN1HP 2012-2013   
CN CN1SX 2012-2013   
CN CN350HLJ 2012-2013 2012-2013 
CN CN4SI 2012-2013   
CZ CZ1200JM* 2008-2013   
CZ CZ4000JC* 2008-2013   
FR FR110ALS 2012-2013   
FR FR110VGAV 2012-2013   
FR FR150BI* 2008-2011   
HU HU1100TC 2008-2013   
IT IT130BO 2011-2013   
IT IT240ER* 2008-2013 2008-2013 
PL PL730WO 2012-2013   
RU RU20000BS 2009-2013   
UA UA2600WU   2008-2013 
UA UA6700PO* 2008-2013 2008,2010-2013 
US US1215INC  2012-2013 2012-2013 
US US1215INS  2013 2013 
US US2025KS 2012-2013   
US US900ND 2008-2013 2008-2013 
US US700IA 2008-2013 2008-2013 
UY UY292SW 2009-2013 2009-2013 
UY UY360CEN 2009-2013 2009-2013 
VN VN3LM 2012-2013   
ZA ZA1200NW 2009-2012   
ZA ZA1600EFS 2012-2013 2012-2013 
ZA ZA1600NFS 2011-2013   
ZA ZA1700WFS 2008-2013   




implicit prices can be calculated as cost divided by input quantity used.  Two 
measurements of output are used.  The first output measurement is calculated as implicit 
output, which is calculated as gross revenue divided by farm-gate price, and measured as 
tons per hectare (denoted as 1).  Gross revenue includes crop receipts, crop insurance 
indemnities, and direct government payments.  The second output measurement is total 
output produced, and measured in tons (denoted as 1`).  The seven inputs used are (units 
are in parentheses): (1) total seed per crop (kilograms); (2) implicit total fertilizer used 
per crop (kilograms), calculated as all fertilizer costs divided by cost-weighted price of 
each nutrient (N, P, K, CaO); (3) total crop protection costs, includes herbicides, 
fungicides, insecticides and other pesticides (USD); (4) total labor per crop, includes 
family and hired (hours); (5) total land used per crop, includes rented and owned 
(hectares); (6) total fixed capital costs per crop divided by the interest rate, this includes 
all machinery, buildings, and machine contractor services, and their related depreciation, 
repair, finance, and energy costs, as well as general farm insurance (USD / long-term 
interest rate); (7) and other direct service costs, includes drying energy costs, irrigation, 
crop insurance, and finance cost on direct inputs (USD).  All inputs are expressed as flow 
variables.  In general, input quantities are the total annual input quantity used by that 
farm for that specific crop, while input prices are reported costs divided by input 
quantities.  The input prices were: seed price (USD/ kilogram); weighted fertilizer price 
(USD/ kilogram); weighted wage (USD/ hour); weighted total cropped land price (USD/ 
hectare); and long-term nominal interest rate as the price for fixed capital (percent).  
Following Chavas and Aliber (1993), the law of one price was used when prices were 
unable to be derived.  Specifically, it was assumed that all farms faced the same relative 




Weighted fertilizer price was calculated according to the different cost shares of 
nitrogen, potassium, calcium, and lime.  Weighted wage was calculated according to the 
different prices and quantities used for family and hired labor.  Due to such a small 
percentage of the sample farms using family labor, hired and family labor were 
combined.  The weighted total cropped land price is calculated with the shares of owned 
(measured as the opportunity cost of the land) and rented land in total arable land.  Land 
is not divided according to irrigated or non-irrigated, because only 25 percent (9 percent) 
of the cropped corn (soybean) land was irrigated in this dataset.  Fixed capital costs 
include depreciation (straight-line depreciation of capital based on current replacement 
costs), repairs, finance, and related energy expenses.  Interest rates are used as the 
implicit price of fixed capital.   
          The summary of farm outputs, inputs, units, and prices for corn and soybean 
production that is processed in the DEA problems is found in Tables 6 and 7.  Mean corn 
yield was 7.98 tons per hectare (see Figure 5); the following are the mean values for the 
inputs and outputs of corn-producing farms: total output was 3,501 tons per year; seed 
used was 5,575 kilograms; fertilizer used was 82,133 kilograms; cost for all crop 
protection was 31,179 USD; total labor used was 9,871 hours per year; cropped land was 
460 hectares; the implicit fixed capital was 170,340 USD/interest rate; and other direct 
services cost was 46,413 USD.  The mean input prices are:  seed price was 32 USD per 
kilogram; fertilizer price was 2.10 USD per kilogram; wage rate was 18 USD per hour; 





          Mean soybean yield was 2.67 tons per hectare (see Figure 6); the following are the 
mean values for the inputs and outputs of soybean-producing farms:  total output was 
1,116 tons per year; seed used was 30,877 kilograms; fertilizer used was 30,347 
kilograms; cost for all crop protection was 33,556 USD; total labor used was 3,730 hours 
per year; cropped land was 419 hectares; implicit fixed capital was 85,688 USD/interest 
rate; and other direct services cost was 12,182 USD.  The mean input prices are:  seed 
price was 7.09 USD per kilogram; fertilizer price was 1.59 USD per kilogram; wage rate 
was 26 USD per hour; cropped land price was 298.84 USD per hectare; and long-term 
interest rate was 8.22 percent.  
 
4.2 Production and Agronomic Characteristics of Farms 
In addition to the above variables, other production and agronomic variables were 
used for the statistical analysis of the farm inefficiencies and their causes.  These include 
input cost shares, crop intensity, annual rainfall, distance to commercial market, share of 
rented to total arable land, share of hired labor to total labor, total farm size, technology-
intensity regions, and geographic regions.7  All variables are continuous except for the 
regions, which are binary dummy variables.  Input cost shares were described in Section 
4.1.  Crop intensity is the sum of land under crops during the year divided by net land; it 
may exceed 100 percent when more than one crop is grown on the same field during one 
agricultural year.  Annual rainfall and distance to commercial market both come from the 
survey as reported by the farm manager.  In order to control for differences in available  
                                                 
7 Specific data about farm managers, such as age, education level/type, gender, or time spent on farm, were 
unavailable. These are commonly used as proxies for farm management capacity in other literature (see 




Table 6.     DEA Model Variables for Corn Farms, 2008-2013 
Variable Descriptions (units) Mean SD Min Max 
Outputs 
     
Implicit output 
Gross revenue divided by 
farm-gate price (t/ha) 
7.98               2.74  1.00              15.36                 
Total output 
 
Annual crop output (tons) 
3,501.27  4,787.41  0.86  21,534.72  
Inputs 
     




Fertilizer input per crop, 
adjusted for N, P, K, CaO 
levels (kg) 
     
82,133.61  
       
 
115,100.40  
                             
34.78  





and fungicide costs 
(USD) 
31,178.97  41,458.75  10.46  307,460.91  
 
Labor 
Family and hired (hr) 9,871.34  14,428.44  14.01  53,450.28  
 
Land 
Land input used per crop 
(ha) 
         
  459.93  
               
533.85  
                              
0.16  







 Machinery, buildings, 
contractors, and farm 
insurance costs divided 
by interest rate (USD/ 
interest rate) 
























Drying energy costs, 
irrigation, crop insurance, 
and related finance costs  
(USD) 
     
 
 
 46,412.78  













     
Seed price  USD/kg 31.96  47.15  1.58      307.46  
Total fertilizer 
price   
 
USD/kg 
            
  2.10  
                   
7.52  
                          
0.63  


















            
18.09  
                 
20.99  
                            
0.64  






        
   284.98  
               
269.04  
                            
13.81  






              
7.30  
                   
3.47  
                          
3.00  



















Table 7.      DEA Model Variables for Soybean Farms, 2008-2013 
Variable Descriptions (units) Mean SD Min Max 
Outputs Units 
     
Implicit output 
Gross revenue divided by 
farm-gate price (t/ha) 
          2.67  0.88  0.58  5.36  
Total output Annual crop output (tons) 1,116.02  1,141.93  1.00  4,632.16  
Inputs 
     




Fertilizer input per crop, 
adjusted for N, P, K, CaO 
levels (kg) 
      
 
30,347.45  












and fungicide costs 
(USD) 
33,556.31    50,061.96  103.06  257,140.58  
Labor Family and hired (hr) 3,730.03      7,678.22  0.50  32,545.90  
Land 
 
Land input used per crop 
(ha) 
418.84  380.45  1.00 1,962.80  
Fixed capital 
 Machinery, buildings,  
contractor, and farm 
insurance costs divided by 
interest rate (USD/ 
interest rate) 














121.90    







Drying energy costs, 
irrigation, crop insurance, 



















     
Seed price  USD/kg 7.09  17.82  0.33  91.91  
Total fertilizer 
price   






















          
298.84  
        
261.32  
     
26.79  






              
8.22  
            
4.84  
     
  3.00  

















Figure 5.      Average Corn Yields per Hectare (tons per hectare) 
 
 


















































































































































































































































































































































































































































technology, farms were divided into four regions, depending on human and physical 
capital intensity (measured as working hours of production per hectare): region 1 had 0- 
0.5 hours per hectare (techdum1), region 2 had 0.5-5.0 hours per hectare (techdum2), 
region 3 had 5.0-20 hours per hectare (techdum3), and region 4 had more than 20 hours 
per hectare (techdum4).  Geographical differences based solely on location were also 
tested.  Region 1 signifies North American farms (geodum1), region 2 signifies South 
American and African farms (geodum2), region 3 represents Western and Eastern 
European farms (geodum3), and region 4 represents East Asian farms (geodum4).  Tables 
8 and 9 provide summary statistics of the variables that were hypothesized to influence 




Table 8.     Summary of Regression Variables, Corn Farms (n = 138) 
Category 
Variable 
Description Mean SD Min Max Y = 1a 
Efficiency index 
 te_1prime TE, corn model 1` 0.951  0.106  0.510  1 103 
ce_1prime CE, corn model 1` 0.747  0.217  0.223  1 39 
Technology dummies (technology and capital intensive) 
 techdum1 Working hours of production = 0-0.5 hours per hectare 28
techdum2 Working hrs of production = 0.5-5.0 hours per hectare 76 
techdum3 Working hrs of production = 5.0-20 hours per hectare 30 
techdum4 Working hrs of production =   >20 hours per hectare 4 
Geography dummies 
 geodum1 North America  16 
geodum2 South America and Africa  60 
geodum3 Western and Eastern Europe  50 
geodum4 East Asia  12 
Input cost shares 
 seedsh Seed share (%) 0.119 0.050 0.007 0.240  
fertsh 
Fertilizer share 
(%) 0.198 0.090 0 0.861  
crprotsh 
Crop protection 
share (%) 0.056 0.029 0.004 0.146  
labsh Labor share (%) 0.113 0.098 0.011 0.516  
landsh Land share (%) 0.182 0.114 0.019 0.525  
capsh Fixed share (%) 0.278 0.102 0.031 0.615  
otherdcsh 
Other direct 
share (%) 0.053 0.048 0 0.202  
Farm characteristics 
 crop_int Crop intensity (%) 1.262 0.449 0.779 3.190 51 
 
tot_farmsz Farm size (ha) 
       
2,429.4  
       
4,387.6  0.267 20,000 
 
sh_rent 
Rented to total 








rainfall (l/ m² ) 792.957 398.613 250 2,000 
 
sh_hiredlab 
Hired to total farm 
labor (%) 0.735 0.347 0 1 62 




Table 9.     Summary of Regression Variables, Soybean Farms (n = 74) 
Category Variable Description Mean SD Min Max Y = 1a 
Efficiency index 
 te_1prime TE, soybean model 1` 0.934  0.148  0.299  1 55 
ce_1prime CE, soybean model 1` 0.753  0.261  0.096  1 30 
Technology dummies (technology and capital intensive) 
 techdum1 Working hours of production = 0-0.5 hours per hectare 33
techdum2 Working hrs of production = 0.5-5.0 hours per hectare 34 
techdum3 Working hrs of production = 5.0-20 hours per hectare 8 
techdum4 Working hrs of production =   >20 hours per hectare 0 
Geography dummies 
 geodum1 North America  14 
geodum2 South America and Africa  42 
geodum3 Western and Eastern Europe  17 
geodum4 East Asia  2 
Input cost shares 
 seedsh Seed share (%) 0.105 0.042 0.000 0.217  
fertsh Fertilizer share (%) 0.076 0.075 0 0.336  
crprotsh Crop protection share (%) 0.093 0.043 0.000 0.177  
labsh Labor share (%) 0.083 0.065 0.011 0.284  
landsh Land share (%) 0.319 0.152 0.059 0.657  
capsh Fixed share (%) 0.294 0.088 0.127 0.535  
otherdcsh Other direct share (%) 0.029 0.026 0 0.116  
Farm characteristics 
 crop_int Crop intensity (%) 1.258 0.354 0.597 2 17 
tot_farmsz Farm size (ha) 1,368.908 1,765.62 195 7,033 
 
sh_rent 
Rented to total arable 
land (%) 0.326 0.431 0 1 13 
distexport 
Distance to commercial 
markets (km) 90.773 121.987 0 450 
 
rain 
Average annual rainfall 
(l/ m² ) 929.853 383.092 352 1,900 
 
sh_hiredlab 
Hired to total farm labor 
(%) 0.766 0.294 0.117 1 39 




CHAPTER 5. RESULTS 
5.1 Results Overview 
The first part of this chapter presents a general overview of the results found in 
this study.  The second part consists of the results of the annual and several averaged time 
period efficiency scores found with DEA methods.  The third part reviews the results of 
the Tobit regression models that are used to assess the influence of input cost shares and 
selected farm characteristics on calculated farm efficiency scores.  
 
5.2 Efficiency Scores from DEA Models 
All efficiency scores (technical, allocative, and cost) range from 0 to 1, which can 
also be reported as 0 to 100 percent efficient.  Annual efficiency estimates for this sample 
of 35 corn-producing farms, 16 soybean-producing farms, and 14 corn and soybean-
producing farms using both measurements of output (i.e. implicit output and total output 
produced) were calculated.  The models were run for each year from 2008 to 2013 
individually (i.e. rather than the alternative of running the model with all six years 
together).  Running the years individually compares only the observations available that 




temporal economic and climate conditions facing the farms.  If only one cost frontier was 
calculated using all the years together, all observations would be measured with respect 
to that one frontier.    
Table 10 displays C1 and S1 models that use implicit output (t/ha) as the output 
variable.  The efficiency scores using implicit output are considerably lower than those 
found using total output produced (t).  Possible reasons for this difference are discussed 
in Chapter 6.  The C1 model results found that annual average technical efficiency for the 
sample of corn farms ranges from 0.435 in 2013 up to 0.626 in 2010; over the period the 
mean TE was 0.502.  For the sampled farms and the years considered, farms could have 
reduced input use by an average of 50 percent to produce the same level of output if they 
had been fully technically efficient.  Technical efficiency mostly captures managers’ 
skills and abilities in operating the farm.  Allocative efficiency reflects the managers’ 
ability to choose the combination of inputs to minimize input costs, given prices, the 
farm’s output level and current technology.  Thus, AE measures the farm’s performance 
in finding the input mix where the input price ratio equals the marginal rate of 
substitution between inputs.  The annual average allocative efficiency ranges from 0.329 
in 2013 up to 0.715 in 2008; and the mean AE was 0.516.  Thus, farms could have 
produced the same level of output and reduced their input costs by as much as 48 percent 
by becoming fully allocatively efficient.  For both technical and allocative efficiency, the 
minimum annual average estimates were found in 2013.  Finally, annual average cost 
efficiency ranges from a minimum value of 0.225 in 2013 up to 0.442 in 2008, with a 
mean CE of 0.331.  The sample size of farms also varies over this time period; it ranges 




The S1 model results are also summarized in Table 10.  On soybean farms, annual 
average technical efficiency ranges from 0.333 in 2011 up to 0.746 in 2009; over the 
period the mean TE was 0.554.  For the sampled farms and the years considered, farms 
could have reduced input use by an average of approximately 45 percent to produce the 
same level of output if they had been fully technically efficient.  The annual average 
allocative efficiency ranges from 0.363 in 2013 up to 0.667 in 2008; and the mean AE 
was 0.5311.  Thus, soybean farms could have produced the same output but reduced their 
input costs by an average of 47 percent if they were allocatively efficient.  Like corn, 
both average technical and allocative efficiency were lowest (or second lowest) in 2013.  
Finally, annual average cost efficiency ranges from a minimum value of 0.205 in 2013 up 
to 0.518 in 2009, with a mean CE of 0.371.  The sample size of farms also varies over 
this time period; it ranges from 11 farms in 2008 to 16 farms in 2013.  
Table 11 displays the results from the C1` and S1` models that use total output produced 
(tons) as the output variable.8  The annual average technical efficiency for the sample of 
corn farms in model C1` ranges from 0.918 in 2012 up to 0.990 in 2010; over the entire 
period the mean TE for all corn farms was 0.951.  In this case, farms only need to reduce 
their input use by an average of 5 percent to be technically efficient, while still producing 
the same output.  The annual average allocative efficiency varies from 0.726 in 2013 up 
to 0.863 in 2008.  On average, corn farms can reduce their input costs by about 22 
percent to become allocatively efficient, and still produce the same output.  Finally, 
annual average cost efficiency ranges from a minimum value of 0.680 in 2013 up to 
0.852 in 2008, with a mean CE of 0.748.
                                                 
8 In the second step of this study (the panel data Tobit regression analysis), I chose to use only the 
efficiency scores calculated with this total output variable (denoted as 1`), as opposed to using the 







Table 10.     Technical, Allocative and Cost Efficiency Indices by Year (C1/S1) 
Year  n a TE AE CE firms on CE frontier b 
Corn 
2008 15 0.555 0.715 0.442 
(AR330ZN, FR150BI*, IT240ER*, 
ZA1800NC) 
2009 19 0.513 0.642 0.391 (FR150BI*, UY292SW, ZA1800NC) 
2010 19 0.626 0.652 0.440 (AR330ZN, UY292SW, ZA1800NC) 
2011 21 0.478 0.666 0.369 
(AR700SBA, FR150BI*, IT130BO, 
ZA1800NC) 
2012 34 0.478 0.361 0.259 (CN1HP, CN4SI, FR110ALS, ZA1800NC) 
2013 31 0.435 0.329 0.225 
(CN1HLJ, CN1HP, CN1SX, CN4SI, 
FR110VGAV) 
Soybeans 
2008 11 0.601 0.667 0.477 
(AR330ZN, IT240ER*, UA6700PO*, 
ZA1800NC) 
2009 11 0.746 0.649 0.518 (IT240ER*, UY292SW) 
2010 12 0.645 0.568 0.389 (IT240ER*, UA6700PO*) 
2011 12 0.333 0.389 0.223 (IT240ER*, UA6700PO*) 
2012 16 0.664 0.603 0.459 
(AR330ZN, BR1300MT, IT240ER*, 
UA6700PO*) 
2013 16 0.378 0.363 0.205 (IT240ER*, UA6700PO*) 






Table 11.     Technical, Allocative and Cost Efficiency Indices by Year (C1`/S1`) 
Year n a TE AE CE firms on CE frontier b 
Corn 
2008 15 0.984 0.863 0.852 
(AR330ZN, AR900WBA, FR150BI*, 
UA6700PO*, ZA1700WFS, ZA1800NC) 
2009 19 0.987 0.792 0.783 
(AR330ZN, AR900WBA, UA6700PO*, 
UY292SW, ZA1800NC) 
2010 19 0.990 0.821 0.814 
(AR330ZN, AR900WBA, FR150BI*, 
IT240ER*, UA6700PO*, UY292SW, 
ZA1800NC) 
2011 21 0.947 0.799 0.760 
(AR330ZN, AR700SBA, AR900WBA, 
IT130BO, RU20000BS, UA6700PO*, 
ZA1800NC) 
2012 34 0.918 0.762 0.703 
(AR330ZN, AR700SBA, AR900WBA, 
CN350HLJ, CN4SI, RU20000BS, 
US1215INS, ZA1800NC) 
2013 31 0.929 0.726 0.680 
(AR330ZN, AR700SBA, AR900WBA,  
CN4SI, RU20000BS, UA6700PO*, 
US1215INC)  
Soybeans 
2008 11 0.949 0.725 0.698 
(AR330ZN, AR900WBA, BR1300MT, 
UA6700PO*) 
2009 11 0.993 0.853 0.848 
(AR330ZN, AR900WBA, BR1300MT, 
IT240ER*, UY292SW) 
2010 12 0.916 0.841 0.786 
(AR330ZN, AR900WBA, BR1300MT, 
IT240ER*, UA6700PO*) 
2011 12 0.908 0.803 0.747 
(AR330ZN, AR900WBA, BR1300MT, 
IT240ER*, UA6700PO) 
2012 16 0.937 0.752 0.726 
(AR330ZN, AR900WBA, BR1300MT, 
CA2000RRV, IT240ER*, UA6700PO) 
2013 16 0.926 0.768 0.727 
(AR330ZN, AR900WBA, BR1300MT, 
IT240ER*, UA6700PO*, US1215INC) 
a n = number of observations;  b firms on the frontier in both models, C1 and C1`, and S1 






Table 12.     Distribution of Technical, Allocative, and Cost Efficiency Indices (C1) 





Efficiency Range Number  Percent   Number  Percent   Number  Percent 


















































0 < 0.1 40 28.78   6 4.32   59 42.45 
Sum 139 100  139 100  139 100 
Mean Efficiency  0.502   0.516   0.331 
 Median Efficiency 0.354     0.495     0.126  
Table 13.     Distribution of Technical, Allocative, and Cost Efficiency Indices (S1) 





Efficiency Range Number  Percent   Number  Percent   Number  Percent 























































Sum 78 100  78 100  78 100 
Mean Efficiency  0.554 
 
 0.531   0.371 
 Median Efficiency 0.555 
 





Soybean farms on average saw the highest annual technical efficiency of 0.993 in 
2009, with a mean TE of 0.936 across all farms.  The annual average allocative efficiency 
for the sample of soybean farms in model S1` ranges from 0.725 in 2008 up to 0.853 in 
2009, with an average of 0.787.  Annual average cost efficiency ranged from 0.698 in 
2008 up to 0.848 in 2009.  The mean annual cost efficiency for soybean farms was 0.752.  
In Table 12 the distribution of efficiency scores reveals that average technical 
efficiency for corn farms was heavily distributed at the tails in model C1, such that 40 
percent of the farms had a technical efficiency score at or below 0.2, and 40 percent of 
the farms had a TE of 0.8 or above.  Average cost efficiency appears to be clustered in 
the left tail in C1, where approximately 60 percent of the corn farms have a CE score of 
0.2 or below.  In Table 13 the distribution of scores reveals that 50 percent of the soybean 
farms had a CE of 0.2 or below in S1.  
 The distribution of efficiency scores in models C1` and S1` are not shown 
because they are not as widely distributed as the first models, and can be quickly 
summarized.  In C1`, 86 percent of farms have a TE score of 0.8 or higher, compared to 
only 40 percent in C1.  Similarly, cost efficiency is also more distributed towards full 
efficiency, with 44 percent of the farms having a CE score of 0.8 or higher, compared to 
only 22 percent in C1.  Soybean farms appear to have a similar right tailed distribution, 
73 percent of the observations were fully technically efficient, compared to 33 percent in 
S1.  Nearly 40 percent of the soybean farm panel were fully cost efficient in S1`, 
compared to 20 percent in model S1.  Later, in Chapter 6, I will discuss some of the 





In Table 14, analysis of average efficiency scores over time reveals some 
consistent patterns.  Obviously longer time series of production data is better for 
efficiency analysis, since soybean farms on average saw the highest annual technical 
efficiency of 0.993 in 2009, agricultural production is effected by many environmental 
and economic shocks in a single year that are smoothed out over time.  Comparing the 
longest time period available (2008-2013) to a shorter period (2011-2013), average 
technical efficiency was 9 percent higher over the six-year period for corn and 28  
percent higher for soybean farms.  This is not surprising considering several climate-
related shocks around the world during the 2011-2013 period that decreased output.  This 
considerable difference between periods is also due to increasing efficiency over time.  
Graphs of the average optimal costs per farm (found in the DEA problem) compared to 
average actual costs for the six-year period for models C1`, S1`, and CS1` can be found 
in Appendix C.  
Table 15 provides a summary of how efficient certain farms were over the six-
year period for corn and soybean production separately, and according to total output and 
implicit output measurements.  AR330ZN and IT240ER* were cost efficient for both 
crops.  By pure output measures, the 900 hectare Argentine farm (AR900WBA) was 
efficient for both crops, while the 1300 hectare Brazilian farm (BR1300MT) was efficient 
in soybeans.  This is not surprising given Brazil’s competitive advantage in growing 






Table 14.     Averages of TE, AE, and CE Indices by Time Periods (C1`/S1`) 
Years n observations TE AE CE N firms on CE frontier 
Corn 
2011-2013 18 0.946 0.826 0.790 7 
2010-2013 16 0.962 0.892 0.864 6 
2009-2013 16 0.973 0.870 0.850 6 
2008-2013 13 0.976 0.856 0.840 5 
Soybeans 
2011-2013 12 0.949 0.787 0.756 5 
2010-2013 12 0.938 0.801 0.763 5 
2009-2013 11 0.948 0.843 0.811 5 
2008-2013 9 0.948 0.818 0.789 4 
Table 15.     Summary of Cost Efficiency Indices by Farm, 2008-2013 a, b 
Farm C1 S1 C1` S1` 
AR330ZN 1.000 1.000 1.000 1.000 
AR700SBA 0.754 0.533 0.861 0.782 
AR900WBA 0.596 0.477 1.000 1.000 
BR1300MT 0.101 0.068 0.812 1.000 
BR195PR 0.405 0.533 0.456 0.641 
CZ1200JM* 0.304 -- 0.887 -- 
CZ4000JC* 0.228 -- 0.715 -- 
HU1100TC 0.121 -- 0.649 -- 
IT240ER* 1.000 1.000 1.000 1.000 
UA2600WU -- 0.218 -- 0.337 
UA6700PO* 0.113 -- 1.000 -- 
US700IA 1.000 0.197 1.000 0.831 
US900ND 0.195 0.265 0.773 0.507 
ZA1700WFS 0.056 -- 0.771 -- 
a Only farms with 6 years of data are included; dashed line if farm doesn't produce the crop   




farm (US700IA) were cost efficient in corn production.  In this table, the large price 
effects are very evident on some farms (discussed further in Chapter 6).  For example, 
BR1300MT is 100 percent cost efficient when measured by total output (hectares 
cropped times yield per hectare) but only 7 percent cost efficient when measured 
according to gross revenue divided by farm-gate price.   
Finally, efficiency scores for both corn and soybean using the total output 
measurement are presented in Table 16.  They appear higher than a single-crop model, 
loosely supporting the benefits of multi crop systems compared to single crop production.  
Average technical efficiency was lowest at 0.970 in 2011 and highest at 0.993 in 2009 
and 2012.  Average allocative efficiency was different; instead, the lowest year was 2012 
at 0.713, and the highest in 2011 at 0.825.  The average cost efficiency for the two-output 
model is 77 percent, which means that on average, this sample of farms can reduce their 
total corn and soybean costs by 23 percent and still produce the same outputs for both 
crops.  
5.3 Causes of Farm Inefficiencies   
Following Featherstone et al. (1997), I use a panel-data Tobit model to regress 
DEA scores on the seven input shares, where the efficiency scores are the dependent 
variables.  This section summarizes the results of the Tobit regression models, which 
have been performed on input cost shares and farm characteristics for corn and soybean 
panels separately.  In this step, I use only the efficiency scores that were calculated with 





Table 16.    Technical, Allocative and Cost Efficiency Indices by Year (CS1`) 
 Year na TE AE CE N firms on CE frontierb 
Corn/ Soybeans 
   
2008 10 0.982 0.820 0.806 
(AR330ZN, AR900WBA, BR1300MT, 
UA6700PO*, US700IA, ZA1800NC) 
2009 10 0.993 0.821 0.815 
(AR330ZN, BR1300MT, US700IA, 
UY292SW) 
2010 11 0.979 0.808 0.790 
(AR330ZN, AR900WBA,  BR1300MT, 
UA6700PO*, US700IA, UY292SW) 
2011 11 0.970 0.825 0.799 
(AR330ZN, AR900WBA,  BR1300MT, 
UA6700PO*, US700IA, UY292SW) 
2012 14 0.993 0.713 0.711 
(AR330ZN, AR900WBA,  BR1300MT, 
UA6700PO*, US1215INC, US700IA, 
UY292SW) 
2013 14 0.982 0.738 0.727 
(AR330ZN, AR900WBA,  BR1300MT, 
UA6700PO*, US1215INC, US700IA, 
UY292SW) 
a n = number of observations; b Firms on the frontier in both models, (i.e. CS1, not 




5.3.1 Panel Tobit Model Results 
The results of the panel-data Tobit model estimates of input cost shares on TE and 
CE are in Table 17.  On the corn farm data, I found that crop protection costs have a 
strong negative relationship with TE, while fertilizer costs have a weak negative 
relationship to TE.  Meanwhile, only land costs were found to be weakly and positively 
correlated to CE on corn farms.  None of the input cost shares were found to be 
significant determinants of TE or CE on soybean farms.  Among the model results below, 
technical efficiency explained by input cost shares of corn-producing farms had the 
highest log likelihood ratio, indicating the model’s overall strength.   
Next, the panel-data Tobit model results in which the TE and CE indices were 
regressed on farm characteristics are presented, considering both technology-intensity 
and geographic dummy variables that attempt to control for varying quality of technology 
across the farms and/or geographic regions.  The tables include the estimated coefficients, 
standard errors, significance level of the variables, Wald chi-square, log likelihood ratio, 
and number of observations.  It’s also important to note though that the estimated 
coefficients are not the expected marginal effects of the variables. 
In Table 18, technology dummies are used.  On corn farms, total farm size was 
strongly related to TE, while rented land and hired labor were weakly related.  
Technology groups 2 and 3 were both significantly different from the base group and 
each other.  It would make sense that models that use total output in tons are more 
strongly related to technical efficiency, and this appears to be somewhat supported.  None 
of the farm characteristics were found to be significant determinants of TE on the 








 Table 17.     Tobit Model Results of TE & CE on Input Cost Sharesa, b 
  Technical Efficiency Cost Efficiency 







































































 Wald chi2(6)  16.13 17.07 14.750 17.880 
 Prob > chi2   0.013 0.009 0.022 0.007 
 rho  0.403 0.401 0.488 0.726 
 Log likelihood  137.121 55.221 48.827 32.568 
 n= 138 74 138 74 
 a Standard errors are reported in parentheses 
 b *,**,*** Statistically significant at the 10, 5 and 1 percent levels, respectively 




Table 18.     Tobit Model Results of TE & CE on Farm Characteristics with Technology 
Dummiesa, b 
   Technical efficiency Cost efficiency 






















































































 Wald chi2(6)   21.06 28.760 9.540 24.710  
 Prob > chi2    0.007 0.000 0.299 0.002  
 rho   0.333 0.367 0.556 0.562  
Log likelihood   138.301 58.824 46.979 32.999  
n=  138 74 138 74  
a Standard errors are reported in parentheses   







significantly different than groups 1 and 3.  Cost efficiency models showed fewer 
significant relationships.  Annual rainfall and technology group 2 were weakly significant 
determinants of CE on corn farms, while group 2, rainfall, and hired labor were 
significantly related to CE at the 1, 5, and 10 percent levels, respectively, on soybean 
farms.   
In Table 19, geographical region dummies are used.  The farms were divided into 
4 regions (1- North America, 2- South America & Africa, 3- Europe, and 4- Asia); region 
1 is the base group in this model.  None of the farm characteristics or geographical 
groups are significant determinants of TE or CE on corn farms.  Crop intensity, total farm 
size, and hired labor were related to TE on soybeans farms, at the 5, 10, and 10 percent 
level, respectively.  Geographical regions did not appear to be significantly different from 
each other in TE or CE regressions in this sample.  They were only significant in 
estimations of TE on soybean farms (region 2 has a mean that is significantly different 
from region 1 and 3, at the 5 percent level).  Finally, rainfall was significant at the 5 
percent level for explaining cost efficiency on soybean farms. 
Finally in Tables 20 and 21, the corn and soybean panels are each divided into 
thirds according to their cost efficiency scores found in the C1` or S1` DEA models.  
These tables also display the mean, standard deviation, and frequency of the farm 










Table 19.     Tobit Model Results of TE & CE on Farm Characteristics with Geography 
Dummies a, b 
 
Technical efficiency Cost efficiency 

























































































 Wald chi2(6)  7.31 18.96  8.40 11.06 
 Prob > chi2   0.6046 0.025  0.494 0.272 
 rho  0.448 0.651  .566 0.828 
Log likelihood  133.296 58.046  46.502 29.818 
n= 138 74    138 74 
a Standard errors are reported in parentheses 





Table 20.     Comparison of Corn Farm Panel, Shown in Three Groups According to CE 
Scores with Corresponding Farm Characteristics (n = 138) 
Variable  Group 1 (Most Efficient) Group 2 (Efficient) Group 3 (Least Efficient) 
  Mean SD Y = 1a Mean SD Y = 1 Mean SD Y = 1 
Cost 
Efficiency 0.99 0.02 39 0.75 0.08 0 0.50 0.09 0 
Technology dummies (technology and capital intensity) 
Most  0.43 0.50 20 0.15 0.36 7 0.02 0.15 1 
Mid  0.39 0.49 18 0.57 0.50 26 0.70 0.47 32 
Low  0.17 0.38 8 0.24 0.43 11 0.24 0.43 11 
Least  0.00 0.00 0 0.04 0.21 2 0.04 0.21 2 
Geography dummies 
N.A 0.07 0.25 3 0.22 0.42 10 0.07 0.25 3 
S.A./ Africa 0.57 0.50 26 0.30 0.47 14 0.43 0.50 20 
Europe 0.30 0.47 14 0.33 0.47 15 0.46 0.50 21 
Asia 0.07 0.25 3 0.15 0.36 7 0.04 0.21 2 
Farm characteristics 
crop_int 1.32  0.37        1.22       0.37           1.25         0.58  
 tot_farmsz 3,936.99 5,974.50  
 
1,224.53  1,592.08    2,126.83  4,059.62  
 sh_rent 0.30   0.42  
 
0.44  0.41  
 
       0.45  0.34   
distexport  91.70    137.49   40.70    62.13       34.35      66.71    
rain   753.63     271.80      783.52  351.85      841.72    531.00    
sh_hiredlab       0.84        0.30          0.61      0.39          0.75        0.31    
Input cost shares 
seedsh 0.12 0.05   0.12 0.05   0.12 0.05   
fertsh 0.21 0.13   0.18 0.05   0.21 0.07   
crprotsh 0.06 0.03   0.05 0.02   0.07 0.03   
labsh 0.08 0.10   0.13 0.10   0.13 0.09   
landsh 0.21 0.12   0.22 0.12   0.12 0.06   
capsh 0.27 0.13   0.27 0.07   0.30 0.09   
otherdcsh 0.05 0.05   0.05 0.05   0.06 0.05   
 




Table 21.     Comparison of Soybean Farm Panel, Shown in Three Groups According to CE 
Scores with Corresponding Farm Characteristics (n = 74) 
Variable  Group 1 (Most Efficient) Group 2 (Efficient) Group 3 (Least Efficient) 
  Mean SD Y= 1a Mean SD  Y= 1 Mean SD  Y= 1 
Cost 
Efficiency 1.00 0 25 0.82 0.14 5 0.44 0.15 0 
Technology dummies (technology and capital intensity) 
Most  0.56 0.51 14 0.60 0.50 15 0.16 0.37 4 
Mid  0.24 0.44 6 0.40 0.50 10 0.72 0.46 18 
Low  0.20 0.41 5 0 0 0 0.12 0.33 3 
Least  0.00 0.00 0 0 0 0 0 0 0 
Geography dummies 
N.A 0.00 0.00 0 0.36 0.49 9 0.20 0.41 5 
S.A./ 
Africa 0.72 0.46 18 0.52 0.51 13 0.44 0.51 
1
1 
Europe 0.28 0.46 7 0.12 0.33 3 0.28 0.46 7 
Asia 0.00 0.00 0 0 0 0 0.08 0.28 2 
Farm characteristics 
crop_int 1.31 0.30   1.28 0.29          1.25         0.39    
tot_farmsz 1,218.80 1,749.66   1506.64 2098.74    1,434.82   1,179.35    
sh_rent 0.08 0.28   97.71 269.12         0.34         0.43    
distexport 148.72 161.41   57.40 65.11       98.20      114.41    
rain 1,010.40 269.57   886.40 267.51      919.56     388.24    
sh_hiredlab 0.83 0.20   0.72 0.37          0.79          0.27    
Input cost shares 
seedsh 0.08 0.02   0.12 0.04   0.12 0.04   
fertsh 0.09 0.11   0.07 0.05   0.10 0.10   
crprotsh 0.11 0.05   0.09 0.04   0.09 0.04   
labsh 0.09 0.07   0.05 0.03   0.10 0.07   
landsh 0.34 0.14   0.36 0.14   0.27 0.17   
capsh 0.29 0.08   0.28 0.09   0.29 0.09   
otherdcsh 0.02 0.01   0.03 0.02   0.03 0.03  





CHAPTER 6. DISCUSSION AND CONCLUSIONS 
6.1 Discussion of Results and Hypotheses 
When considering only the farms for which all six years of data were available, 
this study finds several farms to be cost efficient at corn and soybean production over the 
six-year period.  These farms represent the benchmark, as they consistently choose the 
optimal cost-minimizing input mix to produce a certain output, given prices.  Three of the 
farms are cost efficient for both corn and soybeans over this six-year period: AR330ZN, 
AR900WBA, IT240ER*; and three are efficient at one of the crops: BR1300MT 
(soybeans), UA6700PO* (corn), and US700IA (corn).  
It is also important to note that several firms were cost efficient for more than one 
year according to annual DEA analysis.  These include the following corn enterprises 
(and the number of years they were on the frontier):  AR330ZN (6), AR700SBA (3), 
AR900WBA (6), CN4SI (2), FR150BI* (2), RU20000BS (3), UA6700PO* (5), and 
UY292SW (2).  Among soybean enterprises, the following farms were cost efficient:  
AR330ZN (6), AR900WBA (6), BR1300MT (6), IT240ER* (5), and UA6700PO* (5).  
 Next, panel-data Tobit model regression analysis revealed that certain input cost 
shares, farm characteristics, technology-intensity regions, and geographic regions were 
occasionally important to technical or cost efficiency.  Among input shares, crop 




production, while fertilizer and land was weakly and negatively related to TE.  None of 
the input share coefficients were significantly related to soybean production.  Among 
farm characteristics, total farm size had a strong and positive relationship to TE on corn-
producing farms, and crop intensity was significantly related to TE on soybean farms.  
Rain was significantly related to cost efficiency on soybean enterprises in the two models 
with dummy variables.   
The geographic dummy variables were found to be insignificant.  When using 
four technology-intensity dummy groups, the second-most technology-intensive group 
was found to be significantly different than group 1, which suggests that there are 
important differences of technology available to the sample farms (i.e. size, type, 
efficiency of farm machinery).  How to account for differences in technology across these 
farms was one of the challenges.  I assumed in some ways that costs reflected the 
relatively more expensive technology used on farms in the United States and Western 
Europe, but dummy variables were another approach in the second-stage regression 
analysis.  
Next, I address the hypotheses given in Section 1.2.  Hypothesis one stated that 
there would be significant differences in efficiency between farms from developing and 
developed countries.  While I was not directly able to test this hypothesis because the 
majority of the farms in the study represent high-income (HI) or upper-middle-income 
(UMI) countries (using World Bank GNI classifications), I found that UMI and HI 
countries’ CE scores were significantly different at the 5 percent level.  Hypothesis two 
postulated that certain management and farm characteristics, such as crop intensity, share 




efficiency.  Total farm size was found to be significantly related to technical efficiency 
on corn-producing farms, crop intensity was significantly related to TE on soybean-
producing farms, and rain was significantly related to cost efficiency for soybeans.  I also 
attempted to look at the relationship between farm size and efficiency.  I consider this 
relationship in two ways:  (1) yield (tons per hectare) per number of cropped hectares as 
shown in Figures 7 and 8, and (2) cost efficiency per number of cropped hectares, as 
shown in Figures 9 and 10.  In Figures 7 and 8, there is considerable variability in yield 
across hectares of cropped land, due to various weather and growing conditions, soil 
types, planting practices, and input use.  It’s important to note that yield is only a partial 
productivity calculation accounting for quantity of land, but not inputs or capital 
investment in the land.  Yield is not higher for either smaller or larger land areas, 
although larger farms recorded the highest yields during this period.  In Figure 9, there’s 
a slight and positive correlation between cost efficiency scores and the number of 
cropped corn hectares (correlation coefficient = 0.1033), and similarly, between CE and 
number of cropped soybean hectares (correlation coefficient = 0.1472) in Figure 10.   
The long-run cost curves for the full corn and soybean panel is shown in Figure 
11 and 12.  In the empirical literature on economies of scale in agriculture, average long-
run cost curves often have an “L” shape, indicating that after a certain minimum output 
there are no increasing returns to scale (Peterson and Kislev, 1991).  Scale was not 






6.2 Discussion of DEA Variables and Model 
The literature cautions about several points in regards to using DEA models for 
efficiency estimates.  Cooper et al. (2007) states that the number of firms in a year should 
be at least three times the sum of the total number of inputs and outputs( i.e. n 3(N + 
K)), where N is the total number of inputs and K is the total number of outputs.  
Therefore, in this study (with 1-2 outputs plus 7 inputs), the number of firms should be at 
least 24 every year.  If the number of firms is smaller, then a large number of firms will 
be identified as efficient, due to an inadequate number of degrees of freedom.  This 
appears to be the case in this study, especially among the smaller panel of soybean farms.  
Sometimes as many as 40 percent of the annual observations are on the technical or cost 
frontier.  Nunamaker (1985) also warned of the potential sensitivity of efficiency scores 
to the number of observations and the number of outputs and inputs.  He concluded that 
more input and output variables will produce an upward trend in efficiency scores.  While 
there’s evidence of model sensitivity due to small number of firms in some years, it was 
important to have seven input categories in order to understand the partial influence of 
different inputs on farm-level efficiency.    
The majority of farm efficiency studies use total revenue or total output produced 
as farm output in efficiency and productivity models, depending on what data are 
available.  In this study, two measurements of output were tested.  The first was an 
implicit output that was calculated as gross revenue (which includes crop receipts, crop 
insurance indemnities, and direct government payments) divided by farm-gate price.  The 




Efficiency estimates were considerably higher when using total output produced.9  This 
may be due to the dampening effect of crop prices, which varied greatly in the dataset.  I 
also believe that crop prices may be inconsistently reported in the dataset, depending on 
various seasonal and regional marketing practices.  Further work could be conducted to 
determine the effects of price variability on efficiency analyses.  
6.3 Further Research 
Given the short time series available in this dataset, annual efficiency analysis was 
chosen over other non-parametric methods.  When longer data series become available, 
productivity change analysis (often measured with a Malmquist productivity index) will 
be an interesting research possibility.  Over a longer period, productivity change can be 
calculated, and decomposed into three separate factors, including scale economies, 
technical change and technical efficiency change (Färe et al., 1994).  With longer time 
series also comes other challenges that would have to be addressed in this study, 
including quality-adjustment of labor, land, and other inputs.  In the USDA’s productivity 
analyses, for example, they use quality-adjusted indices and hedonic pricing methods to 
take into account the change and variability of labor quality over the decades (e.g. age, 
experience, gender, and education).   
  
                                                 
9 The two output measurements, total output and implicit output, have a low correlation coefficient of 

















Figure 9.     Cost Efficiency Index per Hectare of Corn  
 




             While this study was particularly interested in enterprise-level analysis of corn 
and soybeans, this does not provide strong conclusions about whole farm efficiency across 
countries.  Therefore, a whole farm-level analysis should be done to gain more robust 
results, and also take advantage of this detailed, panel series database.  
       In this study, current fixed capital costs (as a flow variable) were used as a 
measure of capital stock.  Current fixed capital costs were calculated as the current value 
of capital (purchase price minus realized depreciation) multiplied by revenue share of all 
crops in total farm revenues multiplied by crop’s revenue share in total arable land 
revenues.  Other measurements of capital stock are discussed in the literature.  Further 
work could use some of these other measurements and compare how they affect 






Figure 11.     Total Cost Curve for all Corn Farms 
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Appendix A. Typical Farm Description 
 
 
The Agri-Benchmark Network at the Thunen-Institute of Farm Economics (TI) 
briefly outlines the definition of a typical farm.  It is located in the primary agricultural 
production region of the country.  The region, farm size, and production systems are 
determined based on government literature and data together with local agricultural 
advisors.  The objective of this typical farm approach is provide accurate, detailed farm-
level production and market data for deeper economic and financial analysis by 
researchers and the farm management community.  The intention is that such results can 
be extended to the larger agricultural sector and even used for model calibration.  
Regional statistics on farms by size are used to determine the position of the 
typical farms within the national farm population or representative surveys (Agri 
Benchmark 2005, p. 2).  The standard practice is to use one average-size farm operation 
and one large operation (usually from the top quintile of the country’s farm population 
and in the upper 10 percent of large firms by profits).  Both farms should represent an 
average management and profit level.  The farms must generate at least 50 percent of 
their income from farm activities or be able to feed at least one person/family (Ibid, p. 6).  
In some cases, the country has a third farm which is a large farm with average farm 
management resources.   
Farm-level data have been collected since 2008 by a standard questionnaire at 
panel sessions with farmers, managers, and advisors.  This data is unique in that it allows 
relatively accurate cross-country comparison, because the data has been collected in a 




but are highly aggregated, making farm-level analysis impossible. 
The data is collected, processed, and again cross-checked with the panel.  Prices 
and yields are reported annually.  Subsequent prices are indexed against the first year to 
calculate the current year prices and yields.  All yield and cost data are three-averages 
due to limitations in surveying and in order to smooth out local economic and climate 
shocks.  The whole data set is updated every 2-4 years, depending on the speed of 













Appendix C. Optimal versus Actual Costs, 2008-2013 Period 
 





























Optimal Total Cost Actual Total Cost
 
Average Cost Efficiency of Soybean Producers, 2008-2013 Period (S1`),  (n = 9) 
